Biometric sample quality assessment approaches are generally designed in terms of utility property due to the potential difference between human perception of quality and the biometric quality requirements for a recognition system. This study proposes a utility based quality assessment method of fingerprints by considering several complementary aspects: 1) Image quality assessment without any reference which is consistent with human conception of inspecting quality, 2) Textural features related to the fingerprint image and 3) minutiae features which correspond to the most used information for matching. The proposed quality metric is obtained by a linear combination of these features and is validated with a reference metric using different approaches. Experiments performed on several trial databases show the benefit of the proposed fingerprint quality metric.
INTRODUCTION
Fingerprint systems, among biometric modalities, are the most deployed solution due to the invariability, usability and user acceptance of fingerprints . So far, the application of fingerprint is no longer limited to traditional public security area (official applications), but spread into the daily life, smart phone authentication and e-payment, for instance. Because of the continuous developments, fingerprint quality assessment has become a crucial task in the deployment of systems in real applications. There is no doubt that a good quality sample during the enrollment process can reduce recognition errors. The good quality of a fingerprint sample is also beneficial to matching operations (Grother and Tabassi, 2007) in addition to the clarity of human intuition and feature extractability of the image (Chen et al., 2005) . In this case, most previously proposed fingerprint quality approaches have been implemented in terms of utility of biometric sample's quality rather than fidelity (Alonso-Fernandez et al., 2007) , i.e. biometric sample's quality should be related to system performance. Tabassi et al. (Tabassi et al., 2004 ) defined their quality metric as a predictor of system performance by considering the separation of genuine matching scores (GMS) and impostor matching scores (IMS). Chen et al. (Chen et al., 2005) later proposed one quality metric by considering authentication performance.
As we can see in the literature, features are very important to make a reliable judgment of the quality of a fingerprint. Moreover, a fingerprint can be considered as an image or a set of minutiae we could extract many features. This study proposes a quality metric of fingerprint image based on the utility property by considering two aspects in general: 1) the fingerprint image itself and 2) the corresponding minutiae template which is rarely taken into account for this issue. The validation of the proposed quality metric is carried out by using two approaches based on the prediction of authentication performance. The main contribution of the paper is to propose a continuous quality index of a fingerprint integrating different points of view (brought by the used features) and providing a better assessment. This paper is organized as follows: Section 2 details the features for computing the proposed quality metric. Section 3 presents the computation approach of the proposed quality metric. Experimental results are given in 4. Conclusion is given in section 5.
QUALITY FEATURES
The general purpose of this work is to qualify original fingerprint samples and to analyze the proposed quality metric through different validation ap-proaches. The proposed quality metric is based on a former method in (El Abed et al., 2013) . That work evaluated altered fingerprint image quality with two kinds of quality features, one is universal (no reference image quality assessment) and another is related to the fingerprint modality. We employ this framework for the original fingerprint samples.
NR-IQA and Prior Features
In (El Abed et al., 2013) , 11 features have been used to obtain the quality metric, including one derived from a NR-IQA algorithm (Saad et al., 2012) and the others are image-based features. Details of the feature are not presented again in this paper. A general description is given in table 1. 
Texture-based Quality Features
Texture features are widely used for image classification and retrieval applications. There is not study observed that whether some of them are able to contribute distinctive results for quality assessment of fingerprint image. In this study, 11 texture features have been selected as the components for generating the proposed quality metric, cf. 2. These features have been classified into four classes:
1) The first class of textural features embeds local binary pattern (LBP) features and its extensions or transforms. LBP features have been proposed by Ojala et al (Ojala et al., 2002) for image classification. This feature is simple yet efficient so that it is widely used for texture analysis. The idea of LBP operator was that the two-dimensional surface textures can be described by two complementary measures: local spatial pattern and gray scale contrast (Pietikäinen, 2011) . Basic LBP operator generates a binary string by thresholding each 3by-3 neighborhood of every pixel of the image. The transforms of LBP involved in this study include four-patch LBP (FLBP), completed LBP (CLBP), LBP histogram Fourier transform (LBPHFT) (Nanni et al., 2012) and median LBP (MLBP) (Hafiane et al., 2007) .
2) Second class is Haralick feature or gray level co-occurrence matrix (GLCM) (Haralick et al., 1973) . In this study, 4 statistic measures generated from the GLCM matrix in 4 directions combination of neighbor pixels are computed, including energy, entropy, moment and correlation.
3) The 2D Gabor decomposition is a sinusoidal function modulated by a Gaussian window. In this case, the basis of a Gabor function is complete but not orthogonal. In the last few decades, it has been widely applied to fingerprint image and other biometric data to perform classification and segmentation tasks. Shen et al. (Shen et al., 2001) proposed using Gabor response to evaluate fingerprint image quality, in which it is said that one or several Gabor features of 8-direction Gabor response are larger than that of the others. Olsen et al. (Olsen et al., 2012) proposed a quality index based on 4-direction Gabor response and it is said that 4-direction is sufficient to qualify fingerprint. However, in this study, it is observed that 2-scale 4-direction Gabor filters do not bring out distinctive regularity for fingerprint images of a specified database.
4) The last one concerns local relational string (LRS) (Hafiane and Zavidovique, 2006) which is an illumination invariant operator and it reflects variation of local gray level of the image. The operator is based on the local pixels relation in a specified scale, and it uses 3 relations to generate local relation motif histogram for measuring local spatial variations of the image.
Minutiae-based Quality Features
Feng et al. (Feng and Jain, 2011) proposed to reconstruct a fingerprint image from the triplet representation of minutia point. Such a result demonstrates the significance of minutiae template. In this study, we relate the minutiae template to the quality assessment of fingerprint by defining several quality features based on minutiae number and DFT of the three components of minutiae point, as shown in table 3. MN in ROI 2 MN in a circle region.
5-M1
Region-based RMS Root mean square (RMS) value of MN based on two blocks of the template.
6-M1
Region-based median Median value of MN obtained by dividing the template into 4 blocks.
7-M1
Block-based measure A block-based score for the template. 14-M1
1. region of interest.
Minutiae-based measures given in table 3 are calculated based on a the template of detected minutiae extracted by using NBIS tool (Watson et al., 2007) . This template contains a quadruple representation of minutia point which consists of 1) the position (x, y) of detected minutiae, 2) the orientation θ of detected minutiae, and 3) a quality score of detected minutiae. In the experiment, only the minutiae positions and orientations are used for calculating these measures. In the following, the details of some of the measures are presented.
In the experiment, both measure 2 and 3 are derived from the magnitude of the Fourier transform of the linear combination of 3 minutia components after eliminating DC component, as described in equation 1.
where µ, ν, and ω are frequency samples. Measures M 2 and M 3 are finally computed as follows:
DC component was eliminated when computing these two measures because there is no valuable information in this element. For measure 4, the size of rectangle region is determined by the maximum value of both x and y coordinates of minutiae, for which there is no useful information outside the foreground of the fingerprint in this case. This choice also ensures that the region of interest will not go over the effective area of minutiae. An example of rectangle region is shown in figure 1 (a). The radius of the circle region for measure 5 is also determined by the maximum and minimum location value of minutiae along the horizontal direction of fingerprint, for minutiae lie around fingerprint center are said to be those who contribute most to fingerprint matching, i.e. they are considered as the most informative. As the quadruple representation does not provide information of fingerprint core point, an estimated point was used as the center's location of the fingerprint. A comparison has been made between the estimated center point and a core point detected by another approach, and it is found that the result does not vary too much. The estimated center position was determined by considering the maximum and minimum minutiae location as well. An example of the circular region is shown in figure  1 (b) .
For measures 6 and 7, the whole fingerprint region is divided into 2 and 4 blocks, and minutiae number in each block is considered to generate a measure. Another block-based measure is calculated by dividing the whole fingerprint region into several blocks in the size of 64×64. The blocks are classified into 3 classes, reasonable block, vague block, and unreasonable block. At last, a quality index is assigned to each block in terms of the minutiae number in the block, for which a threshold is used for determining the index of each block. An example of block partition is shown by figure 1 (c) . In addition, features proposed in (Ross et al., 2005) are calculated in terms of minutiae distribution and orientations, and they are rotation and translation invariant.
We analyse in section 4.2 the behavior of these quality features. Based on all these quality features, we generate a quality metric using the method described in the next section.
QUALITY METRIC DEFINITION
The quality metric of fingerprint (QMF) image in this study is computed by an approach using a Genetic Algorithm (GA) proposed in (El Abed et al., 2013) . It uses a weighted linear combination of the quality features, formulated as
where N is the number of quality features F i (i = 1, · · · , N), α i are the weighted coefficients. The weighted coefficients are computed via optimizing a fitness function of GA which is composed by the Pearson correlation between combined quality results defined by equation 2 and corresponding GMS of fingerprints samples. This approach realizes a learning of quality assessment and optimizes the weighted coefficients to generate a continuous quality metric combining different features.
EXPERIMENTAL RESULTS
In order to validate the behavior of the quality metric (denoted as QMF) of this study, an analysis of the proposed features is realized. The validation of QMF is implemented by observing the evaluation results of both QMF and NFIQ (Tabassi et al., 2004) .
Protocol and Databases
In this study, three FVC databases (Maio et al., 2004) have been used for experiments: FVC2002DB2A, FVC2004DB1A, and FVC2004DB3A. The first two databases are established by optical sensor and the last one is thermal sweeping sensor. The resolutions and image dimensions of all 3 databases are 500dpi, 500dpi, 512dpi, and 296×560, 480×640, and 300×480, respectively. Each database involves 100 fingertips, and 8 samples for each fingertip. The intraclass and inter-class matching scores involved in the experiment have been calculated by using NBIS tool (Watson et al., 2007) namely Bozorth3 and a commercial SDK (IDt, ). Minutiae template used in the experiment were also extracted by using the corresponding MINDTCT and the SDK. The minutiae-based features involve in only the location (x, y) and the orientation o of minutia so that we don't consider the quality value of the points (generated by MINDTCT) and the type of them (given by SDK).
Feature Analysis
Fernandez et al. (Alonso-Fernandez et al., 2007) and Olsen (Olsen et al., 2012) respectively calculated Pearson and Spearman correlation coefficients between different quality metrics to observe the behaviour of them. We use the same approach in this study by computing the Pearson correlation between several quality metrics and the QMF. Quality metrics used for this analysis include OCL (Lim et al., 2002) , orientation flow (OF) (Chen et al., 2004) , standard deviation (STD) (Lee et al., 2005) , Pet Hat's wavelet (PHCWT) (Nanni and Lumini, 2007) and NFIQ. Figure 5 , 7, 6 presents the correlation results obtained from the trial databases for all quality features.
In table 5, highlighted columns (with yellow) demonstrated a relatively stable correlation for all the three databases, and some others marked with green illustrated their feasibility for certain data sets. According to this observation, we could make an attempt to reduce some redundant features in next study. Table 7 presents only 11 of the minutiae-based features, for the correlation of them is not very dis-tinctive. Some of them demonstrate good correlated behavior with the quality metrics, but greatly vary among the data sets and even not correlated with any of the quality metrics. Likewise, the correlation results of the image-based features are given in table 6. We use all these features to calculate the quality metric which enables qualifying fingerprint samples with complemental information. Note that the last columns denote relatively good correlation between the NR-IQA and the quality metrics.
Metric validation
The validation involves in two sections, one is the impact of enrollment selection (YAO et al., 2014) and another is a utility evaluation (Chen et al., 2005) .
Impact on the enrollment process
Authors in (Grother and Tabassi, 2007 ) discussed on quality values used for three different cases, including enrollment phase, verification task and identification. Enrollment is generally a supervised task for getting relatively good quality samples, and one main difference between verification and identification tasks is the existence of enrollment which directly impacts on how FNMR and FMR acts. However, if the purpose is to validate a quality metric without considering the testing type (i.e. algorithm testing, scenario testing and etc.), the variation of enrollment samples quality would generate distinctive impacts on matching performance and the result is repeatable in the experiments.
We computed the EER values of 3 databases by choosing the best quality samples as the reference (by using NFIQ and QMF). A good quality metric for the choice of the references should reduce matching error rate. The ROC curves and EER values of FVC2004DB1A based on this strategy are presented as an illustration, see figure 2 .
The EER values by using NFIQ (for the enrollment process) is 14.8%, and 14.1% with the QMF metric. For FVC2002DB2A and FVC2004DB3A, the EER values are 13.2% (NFIQ), 10.6% (QMF), 8.3% (NFIQ) and 6.7% (QMF). These results show the benefit of QMF face to NFIQ as it permits to optimize the enrollment process. In addition, such EER values are calculated via the commercial SDK, results obtained via NFIQ are 3.99% (02DB2A), 9.39% (04DB1A) and 4.76% (04DB3A), while the values obtained by using QMF are 3.39% (02DB2A), 5.35% (04DB1A) and 4.64% (04DB3A), respectively. This result demonstrates whether the QMF is possible for dealing with interoperability. However, in practical, this property relies on both the performance of matching algorithm and the quality metric. We employ this result simply for validating the QMF.
Quality and performance evaluation
The second approach is based on the isometric bins of samples sorted in an ascending order the quality values and is more strict for the distribution of the quality values. In order to validate the QMF by referring to NFIQ, instead of dividing quality values of NFIQ into 5 isometrics bins, we divided them into 5 bins which correspond to its 5 quality labels. The reason for doing so is that NFIQ fails to satisfy the isometric-bin evaluation criteria, as given in figure 3. Then, the EER values of the divided bins are calculated. For NFIQ-based quality values, it is easier to calculate the EER values of the 5 label bins, as it is depicted in figure 4. We are able to observe that the matching performances on FVC2002DB2A and FVC2004DB3A are monotonically increased by pruning bad quality samples gradually. NFIQ generated quality levels from 1 to 4 for FVC2002DB2A, and no samples of level 5 were figured out for this database. This might be due to the minutiae points detected on the images of this database, because NFIQ algorithm involves in minutia quality of the fingerprint image. This situation was observed when calculated the correlation between 14 minutiae quality features and genuine matching scores in the experiment of this study. It shows a relatively higher correlation on FVC2002DB2A, while the values of two other databases are relatively lower. For FVC2004DB1, both the proposed quality metric and the reference algorithm showed certain difficulties. Here, only the graphical results on FVC2002DB2A are presented, while the 5 bins' EER values based on proposed approach and NFIQ of FVC2004DB1A and FVC2004DB3A are given in table 4. The quality values of QMF are normalized into [0, 100] on each database where small value denotes bad quality (bin 1). The NFIQ has 5 quality levels where level 1 represents the best quality and level 5 is the worst one. 'Q' and 'N' are abbreviation of 'QMF' and 'NFIQ', respectively. 
CONCLUSION
This study first propose a fingerprint quality metric by considering image-based quality features and those derived from minutiae template. Second, the quality metric has been validated by using different validation approaches. In the study, the proposed quality metric was evaluated on 3 different FVC databases, FVC2002 DB2 A, FVC2004 DB1 A, and FVC2004 DB3 A. Among the validation result, it can be observed that the performance of quality metric shows a great variation between different databases, where both the reference quality algorithm and proposed quality metric obtain relatively good result on FVC 2004 DB3 A. This is due to several factors impacted on image quality and matching performance. In addition to external factors such as sensor type and environment, it might be involved in image factors, such as contrast, image size, pixel density, foreground and background area; and correspondingly the factors caused by minutiae template, such as minutiae location, minutiae reliability, and other minutiae properties if they are considered.
In this study, a lot of quality features were adopted for generating quality metric. In this case, it is necessary to analyze the redundancy of quality feature in the future work. Besides, in order to improve the current quality metric, future works of this study will also focus on feature processing for the quality metric. 
